xpected lifetime earnings are a key factor in many individual and institutional decisions. For example, deciding whether or not to go to college, what kind of occupation to pursue, and when and what kind of house to buy forces individuals to consider not just their earnings today but also their earnings expected over their lifetimes. Additionally, lifetime earnings play a key role in the design of government policies such as Social Security. Thus, given the importance of lifetime earnings for many individual decisions and government policies, understanding the factors that help explain differences in lifetime earnings across individuals is critical.
What Explains Lifetime Earnings Differences across Individuals?
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In this article, we examine what factors help explain lifetime earnings differences across individuals using a novel data set that combines administrative data on earnings with survey data on demographics. Specifically, we use this unique data set to assess how much variation in lifetime earnings across individuals can be explained by observable characteristics. Our results suggest observable characteristics such as sex, race, age, education, and labor market experience explain a little more than half of the lifetime earnings differences we observe across individuals. However, among these characteristics, labor market experience-that is, the fact that some individuals systematically work more years than others-accounts for roughly 40 percent of the difference in earnings. In contrast, standard demographic characteristics such as sex, race, or education alone explain no more than 15 percent of differences in lifetime earnings. Thus, cumulative labor market experience appears to be crucial in explaining lifetime earnings differences across individuals.
Section I describes the data and how lifetime earnings are measured. Section II presents simple statistical and graphical evidence showing how lifetime earnings vary by sex, race, education, marital status, parental status, and labor market experience. Section III shows that in total, these characteristics explain at most 55 percent of lifetime earnings across individuals.
I. Defining and Measuring Lifetime Earnings
Measuring lifetime earnings-as well as identifying what explains differences in lifetime earnings-can be challenging. First, measuring lifetime earnings requires data on entire lifetimes and cannot be proxied by earnings at a point in time (that is, cross-sectional earnings). For example, medical doctors may temporarily have low earnings while in residency but will likely see their earnings rise thereafter. Similarly, individuals raising young children may temporarily work fewer hours but may eventually work more as their children age. Second, examining which individual-level factors help explain earnings differences requires detailed demographic data in addition to comprehensive earnings data.
Because of these two requirements, the Survey of Income and Program Participation Synthetic Beta (SSB) data are ideal for our analysis. These data take respondents from the Survey of Income and Program Participation (SIPP) and match them to their Social Security (SSA)/Internal Revenue Service (IRS) form W-2 earnings records. These earnings records allow us to construct entire earnings histories for a large sample of individuals. Additionally, because these data are based on a sample of individuals surveyed in the SIPP, they include a host of demographic characteristics (such as race, education, and marital and parental status) that are typically not available in administrative data such as SSA/IRS earnings records.
Although researchers have previously used SSA earnings records to measure lifetime earnings differences, few have related these differences to observable characteristics. For example, using SSA data, Guvenen and others (2018) 
Sample selection and variable definitions
To ensure we have a good picture of earnings over a person's entire career, we include only individuals who were age 18-25 in 1978, the start of our sample. We then follow these individuals through 2011, the last year for which data are available, when they were age 51-58. We exclude all individuals who died while in sample, meaning that periods without earnings are due to lack of employment not death. Finally, we restrict our sample to people with a high degree of labor market attachment. In particular, we include only people with at least 17 years of positive earnings-in other words, those who worked for pay during at least half of our 34 year sample.
The key variable of interest, lifetime earnings, is derived from annual earnings data in the SSB. To account for inflation, annual earnings from 1978 to 2011 are converted into real terms using the Consumer Price Index (CPI) and renormalized so that 2018 is the base year. In other words, all dollar amounts presented in this article are directly comparable to wages and prices in 2018. The resulting earnings are then summed up at the individual level to create our final lifetime earnings measure.
To select observable characteristics that might be relevant to lifetime earnings across individuals, we follow the work of Mincer (1958 Mincer ( , 1974 , which has been the cornerstone of empirical labor economics. Mincer's work suggests earnings at a point in time are related to years of schooling and years of experience in the labor market. Numerous other studies following Mincer's work also suggest we should examine factors such as sex, race, marital status, and parental status.
Thus, the observable characteristics we consider are sex, race, marital status, parental status, educational attainment, and labor market experience (measured as an individual's total number of years with positive earnings). One potential challenge with this broad set of characteristics is that in our sample, these variables are collected at a single point in time. Although sex and race do not change over the lifetime of the individuals in our sample, marital status, educational status, and parental status do. People interviewed early in life are likely to give different answers to these questions than they would have if they had been interviewed later in life. To account for this, we collect the age at which each person was first interviewed in the SIPP. Additional details of our variable construction appear in the appendix. Table 1 presents some basic summary statistics for our final sample and shows that it is fairly representative of the entire U.S. population. Rows 1 and 2 show that our sample is nearly equally split between men and women. Rows 3 through 5 show that the majority of individuals in our sample identify as white. Rows 6 and 7 show that the majority of individuals are or have been married, and rows 8 and 9 show that nearly 72 percent of individuals in our sample have had at least one child.
Summary statistics
Rows 10 through 15 summarize the educational distribution of our sample. Roughly 33 percent of individuals have a high school degree, while 26 percent have a bachelor's degree or more. In addition to educational attainment, our data allow us to identify majors among college graduates. While the SIPP provides 20 possible major categories, we group college graduates into two categories for simplicity: science, technology, engineering, or mathematics (STEM) majors, and non-STEM majors.
1 Rows 14 and 15 show that one-third of our sample of college graduates obtained a degree in a STEM field. Finally, rows 16 and 17 show that individuals in our sample are very attached to the labor market. On average, individuals have positive earnings in 30 of the 34 years covered, while the median number of years with positive earnings is higher at 32. That the median is above the mean is not surprising, because the modal or most common outcome is for individuals to have positive earnings in all 34 years covered.
II. Lifetime Earnings by Observable Characteristics
To gain some initial insight into differences in lifetime earnings, we first examine the overall distribution for our sample. Chart 1 plots this distribution and shows large differences in lifetime earnings between those at the top versus the bottom. The bottom and top of the blue box represent the 25th and 75th percentile of lifetime earnings, respectively. The white dot represents mean lifetime earnings, while the white line represents median lifetime earnings. The dot shows that average lifetime earnings in our sample are slightly over $1.5 million. However, average lifetime earnings mask important differences across the distribution. For example, the top and bottom of the box suggest nearly a three-fold difference between the top and bottom quartiles of the lifetime earnings distribution. Additionally, the median (line) is below the mean (dot), suggesting average lifetime earnings are heavily influenced by outliers at the top of the distribution.
The distribution of lifetime earnings by sex and race
Although Chart 1 shows large differences in lifetime earnings across individuals, it does not show whether these differences are correlated with sex and race. The box plots in Chart 2 show that lifetime earnings differ substantially by sex. For example, comparing the two solid lines in Chart 2 reveals that median lifetime earnings are 70 percent larger for men than for women in our sample. Similarly, comparing the two dots in Chart 2 shows that average lifetime earnings are also about 70 percent larger for men than women in our sample. Interestingly, the largest differences by sex (in percentage terms) occur at the bottom of the lifetime earnings distribution, while the smallest differences occur at the top. For example, men at the bottom quartile of the male-specific earnings distribution earn roughly 80 percent more than women at the bottom quartile of the female-specific earnings distribution. In contrast, men at the top quartile of the male-specific earnings distribution earn roughly 60 percent more than women at the top quartile of the femalespecific earnings distribution. Chart 3 breaks down average lifetime earnings by race and shows systematic differences in lifetime earnings across races. The solid lines in Chart 3 show median earnings for individuals who identify as "white" are higher than median earnings for individuals in the other two race categories the SIPP provides. Specifically, the median earnings of individuals who identify as "white" are 32 percent and 14 percent larger, respectively, than the median earnings of individuals who identify as "black" or "other." Comparing means or the other quartiles leads to similar results. Indeed, a very robust finding is that the "white" versus "black" lifetime earnings gap is always larger than the "white" versus "other" lifetime earnings gap.
The distribution of lifetime earnings by marital status, parental status, and education
Although sex and race do not vary over time in our sample, other observable characteristics are time-variant and may have different associations with lifetime earnings. Importantly, because marital and parental status may have different labor market consequences for men and women, we break down those results by sex. Indeed, Chart 4 shows that the relationship between lifetime earnings and marital status differs substantially across men and women. The first two boxes represent the distribution of lifetime earnings for women who have been married or who have never married, respectively, while the last two boxes represent the distribution of lifetime earnings for men who have been married or who have never married. The first two boxes suggest small differences in lifetime earnings between married and never-married women. Specifically, the white lines show that median earnings for married women are 14 percent less than median earnings for never-married women. In contrast, the last two boxes suggest much larger differences between married and never-married men. Whether comparing means (dots) or medians (lines), married men earn roughly 40 percent more than never-married men.
Chart 5 shows that the relationship between parental status and lifetime earnings also differs measurably between men and women. The first two boxes represent the distributions of lifetime earnings for women who have had children or not, while the last two boxes represent the distributions of earnings for men who have had children or not. Comparing these boxes reveals that having children is associated with lower lifetime earnings for women but higher lifetime earnings for men. For example, the median earnings of women without children are roughly In contrast, the median earnings of men without children are 13 percent lower than the median earnings of men with children. Chart 6 shows that higher educational attainment tends to be associated with higher lifetime earnings. For example, comparing the first and last boxes in Chart 6 shows that individuals with a college degree (or more) have higher lifetime earnings than individuals with less than a high school degree regardless of their position within the distribution. More specifically, individuals in the 25th percentile of the collegeeducated distribution earn more than individuals in the 75th percentile of the less than high school distribution. Comparing the last two boxes in Chart 6 shows that college graduates also typically have higher lifetime earnings than individuals with some college. For example, median lifetime earnings for college graduates are roughly equivalent to earnings at the 75th percentile of lifetime earnings for the some-college distribution. In other words, roughly half of individuals with a college degree have higher lifetime earnings than the most highly compensated individuals in the "some college" distribution.
To assess whether STEM degrees command a premium in the labor market, Chart 7 decomposes the lifetime earnings distribution of 
The distribution of lifetime earnings by total years with positive earnings
To directly measure labor market experience in line with Mincer's work, we also examine the distribution by years with positive earnings. Chart 8 shows that individuals who tend to work more over their lifetimes also tend to earn more overall. Indeed, looking at the means, medians, 25th percentiles, and 75th percentiles reveals a systematically increasing relationship between years with positive earnings and total lifetime earnings. For example, the median earnings of individuals in the last bar (34 years with positive earnings) are roughly 6.3 times larger than the median earnings of individuals in the first bar (17 years with positive earnings).
A natural question is whether the differences in Chart 8 are due to working more years or earning more per year. To answer this question, Chart 9 plots the distribution of average earnings per year of positive earnings. The chart clearly shows that individuals who work more years also tend to earn more during each year worked. Indeed, comparing the Comparing this difference to the broader 6.3 times difference in lifetime earnings between the two groups suggests that roughly half of the lifetime earnings gap between having 34 versus 17 years of positive earnings remains even after accounting for the fact that the former worked more often than the latter. The results in this section suggest that individuals of different sexes, races, marital and parental statuses, education levels, and labor market experience levels have significant differences in their lifetime earnings. However, large differences in lifetime earnings remain within groups of individuals with similar characteristics, as evidenced by the length of each bar in Charts 2-9. For example, women at the top quartile of the female-specific earnings distribution earn 2.8 times more than women at the bottom quartile of the female-specific earnings distribution. Similarly, STEM majors at the top quartile of the STEM-specific earnings distribution earn 2.5 times more than STEM-majors at the bottom quartile of the STEM-specific distribution. Lastly, even among individuals with a full 34 years of positive earnings, those at the top 
III. How Much Do Observable Characteristics Account for Lifetime Earnings Differences across Individuals?
To formally assess the quantitative importance of basic observable characteristics such as sex, race, education, labor market experience, and marital and parental status in accounting for lifetime earnings differences across individuals, we estimate a simple linear regression that includes all of these characteristics. Specifically, we estimate the following model:
where log(LE i,p ) represents the natural log of lifetime earnings of person i who was surveyed in panel p, α is an intercept term common to all Because we are interested in knowing how much of the variation in lifetime earnings observable characteristics can explain, we focus on the adjusted R 2 from equation (1). The adjusted R 2 is bounded between 0 and 1, where a value of 0 signifies that the explanatory variables account for none of the observed variation in lifetime earnings and a value of 1 implies that the explanatory variables account for all of the variation in lifetime earnings. Additionally, the adjusted R 2 penalizes for overfitting or adding explanatory variables to equation (1) that do not help explain variation in lifetime earnings. Table 2 shows the results from the regression, revealing that observable characteristics account for a little more than half of lifetime earnings differences across individuals. The first row of Table 2 shows that all of our controls together explain about 55 percent of variation in lifetime earnings, leaving 45 percent unexplained by the characteristics we include.
The remaining rows show how each factor contributes individually to this headline number.
2 Rows 2 and 3 show that sex alone explains about 10 percent of variation in lifetime earnings, while race alone explains slightly more than 1 percent. Rows 4 and 5 show that marital status and parental status each account for roughly 13 percent of variation in lifetime earnings. However, because these variables are interacted with sex, the reported R 2 statistics inherently include the explanatory power of sex-which, as previously mentioned, accounts for roughly 10 percent of lifetime earnings variation. To show the independent importance of marital status and parental status, rows 6 and 7 show the R 2 statistics for regressions that do not interact marital or parental status, respectively, with sex. Both rows show that marital status or parental status alone explain at most 1 percent of lifetime earnings differences.
Row 8 shows that education alone is an important characteristic when accounting for lifetime earnings differences across individuals. Specifically, educational differences alone account for roughly 15 percent of differences in lifetime earnings. While this number may appear to be small out of context, it is equivalent to roughly one-third of the headline R 2 statistic of 55 percent. Row 9 shows that the single most important factor in accounting for lifetime earnings differences across individuals is the total number of years with positive earnings. Indeed, nearly 41 percent of lifetime earnings differences-or about three-quarters of the headline R 2 statisticcan be explained by differences in lifetime labor market experience. This finding should be interpreted with some caution, as without additional information, it is hard to discern the direction of causality. For example, individuals who work more over their lifetimes may have traits such as diligence or a strong work ethic that are rewarded in the labor market with higher compensation. Alternatively, individuals might choose to work more throughout their lifetimes because they are more highly compensated for their time (for example, doctors or lawyers working extra hours may be able to charge higher fees for their services).
IV. Conclusion
Lifetime earnings can be influenced by characteristics determined at birth, decisions made prior to entering the labor market, and decisions made over one's productive career. We quantify the extent to which several factors explain differences in lifetime earnings and find that overall, observable characteristics account for little more than half of differences in lifetime earnings. Lifetime labor market experience, or the number of years an individual has positive earnings, has the strongest explanatory power among these characteristics. Characteristics such as sex, race, and education explain comparatively less of the variation in lifetime earnings, particularly when viewed in isolation.
Understanding the sources of lifetime earnings differences is critical for the design of social safety net policies such as Social Security and welfare. From a policy perspective, our findings underscore the importance of policies that promote labor market experience or attachment. Indeed, even in our selected sample of fairly attached individuals, our findings show that an additional year of labor market attachment can have potentially profound effects on lifetime earnings. Thus, programs that promote employment may have not only short-term earnings consequences but also long-term earnings consequences.
Appendix Dataset and Variable Creation
This data appendix provides additional details on the data set used in our analysis along with information on the creation of our variables.
The SIPP Synthetic Beta (SSB) version 6.0.2 Version 6.0.2 of the SSB was released in 2015 and combines nine panels of the Survey of Income and Program Participation (SIPP) with administrative W-2 earnings records and benefit information. Specifically, the SSB includes the 1984, 1990, 1991, 1992, 1993, 1996, 2001, 2004, and 2008 panels. After merging the data sets, the Census fills in all missing values using sequential regression multivariate imputation (SRMI). For increased reliability of results, the Census runs SRMI four times to create four "gold standard" implicates.
From these four implicates, the Census creates entirely synthetic versions of the SSB. The Census runs SRMI on each gold standard implicate, replacing every value in the data set except for sex and links between husbands and wives. The Census runs SRMI on each implicate four times to create a total of 16 synthetic implicates. These 16 implicates are housed for public use on Cornell University's Virtual Research Data Center. Our analysis code, while constructed and tested using the 16 synthetic implicates, is run on the gold standard implicates by the Census. The results from the four implicates are averaged to create one set of statistics released to us and presented in the paper.
Variable definitions
While our data set features all of the earnings and demographic data we need for our analysis, we still must create our own variables that match our preferred definitions. This can mean combining variables or recoding the values in variables we already have.
Lifetime earnings. The SSB does not include a lifetime earnings variable. However, it does feature three annual earnings variables for every year in our sample: capped earnings from all jobs covered by the Federal Insurance Contributions Act (FICA), total earnings from FICA-covered jobs, and total earnings from all non-FICA jobs. The capped earnings variable has the longest time horizon of 1951 to 2011. The total earnings variables both cover the period from 1978 to 2011. While the longer time horizon is immediately appealing, accurately calculating lifetime earnings requires understanding what each variable measures. The first step to that is understanding FICA.
FICA taxes are the taxes that fund Social Security and Medicare. However, not all earnings are subject to FICA taxes. Certain jobs and people are exempt. For instance, employees of state and local governments are not always subject to FICA taxes (Social Security Administration 2017). Additionally, individuals can file for religious exemptions (U.S. Department of the Treasury 2018). FICA taxes are also only taxed on the first n dollars that a person makes. This limit has changed over time, but regardless of time period, many people make much more than the limit (Social Security Administration 2018). This is particularly true from 1951 to 1978. During these years, the percent of covered workers with earnings over the taxable maximum ranged from 15 to 36 percent (Social Security Administration 2015).
Our analysis requires data on all of a person's earnings, both FICA and non-FICA. Thus, we do not use the capped earnings from all FI-CA-covered jobs variable, as it does not include earnings from jobs not covered by FICA taxes and does not include earnings above the taxable maximum. While it does have a longer time horizon, the variable poorly measures total earnings during those additional years because of the large percentage of people earning more than the taxable maximum. The variables for total earnings from FICA-covered jobs and total earnings from all non-FICA jobs do include earnings above the taxable maximum. While each total earnings variable is missing an important piece of the puzzle (only earnings from FICA jobs, only earnings from non-FICA jobs), they can be combined to create a full earnings history for the people in our sample.
Given these annual earnings variables, we construct a lifetime earnings variable. First, we add together total earnings from FICA-covered jobs and total earnings from non-FICA jobs for each person for each year. We then convert these values into real terms using the CPI. Specifically, we use the seasonally adjusted annual CPI-U all items series. This series is indexed such that the value of the index in 2018 is 100. After converting to real terms, we add up the real annual earnings numbers over the entire sample for each person to generate a lifetime earnings variable. We also create a variable for years with positive earnings by counting up the number of years in which a person's real annual earnings are greater than zero. This variable gives us an indication of labor market attachment.
Demographic variables. Besides lifetime earnings information, our analysis also requires a range of demographic information. We use the sex variable in the SSB. It has two values, male and female. We also use the race variable in the SSB, which has three values: white, black, and other. The variable is derived from the race variable in the original SIPP. However, during the 1984 through 2001 panels of the SIPP, the "other" category was broken down into "American Indian, Eskimo or Aleut" and "Asian or Pacific Islander." Because all people in the SSB have been in the SIPP, SIPP data can give us a good picture of the "other" race category in our sample. Specifically, during the 1990 through 2001 panels, 72 to 83 percent of all people classified as "other" were Asian or Pacific Islander. This means that results concerning the "other" race category mainly reflect the experience of Asians and Pacific Islanders.
Our education definitions require modifications of the variables in the SSB. The education variable in the SSB has five categories: less than a high school diploma, high school diploma, some college, college degree, and graduate degree. A college degree is defined as a Bachelor's degree, while an Associate's or technical degree is considered some college. We combine college degree and graduate degree into a single category. Additionally, we break down this combined college degree or more category by college major. Specifically, we separate college degree holders by whether their degree is in a STEM or non-STEM field. In general, we follow the STEM definition put out by the National Science Foundation. Table A-1 shows how we classify the college major categories present in the SSB. Note that the SSB changed its college major categories at the start of the 1996 panel.
In our analysis, we use binary variables for whether a person has ever been married and whether a person has ever had children. The SSB tracks marital status through the use of flags. These flags indicate new marriages and type of dissolution for up to four marriages. For our marital status variable, we are only interested in whether a person has ever married. Therefore, if the first marital flag indicates a first marriage, we count that person as married regardless of when or if this marriage dissolved. In terms of child information, the SSB features a variable for number of children. We convert this information to a binary variable for whether a person has ever had any children. Admittedly, this variable is specifically for biological children. One might argue that such a variable would overlook the importance of adopted children. However, according to the 2007 National Survey of Adoptive Parents, only about 2 percent of the child population are adopted children. Additionally, less than half of adopted children live in households with no biological children (Vandivere and Malm 2009) . Therefore, the number of people who would be mislabeled as never having children is negligible. We follow the National Science Foundation definition of STEM fields, which includes majors such as chemistry, computer and information technology science, engineering, geosciences, life sciences, mathematical sciences, physics and astronomy, and social sciences (anthropology, economics, psychology, and sociology).
2 Due to correlation among explanatory variables, adding up the rows exceeds the headline number of 55 percent. For example, if education and years with positive earnings are positively correlated-that is, if more educated individuals work more years-then adding their respective rows together amounts to doublecounting because the education row captures some of the explanatory power of years with positive earnings and vice versa.
